1] Using gridded daily rainfall observations, and monthly satellite land surface data sets, the connection between land use change and monsoonal rainfall climatology is analyzed. A combination of statistical analysis involving genetic algorithm (GA), empirical orthogonal function (EOF), and causal discovery algorithms (CDA) are used. Study objectives are (1) to identify regional trends in the observed precipitation data over the Indian summer monsoon region, (2) to investigate the relation between land use change/agriculture intensification and changes in rainfall, and (3) to explore whether land use change and agricultural intensification have caused change in the rainfall climatology. The satellite-based vegetation data set shows significant agricultural intensification over northern India. For the period just before start of the summer monsoon season (April and May), the normalized differential vegetation index (NDVI) shows an increase only over Peninsular India. The EOF-and GA-based analysis identified the strongest climatic signal for monsoon rainfall with an increasing trend over the east central regions of India and a decreasing trend in monsoon seasonal precipitation over north/northwest India. The areas of decreasing rainfall coincided with regions of agricultural intensive land use and are analyzed further. The correlation and the causal data analysis suggest that premonsoon (March-April) vegetation affects July month precipitation over peninsular India. In particular, a negative relationship exists between them. The results are more robust over peninsular and northern India indicating that an increase in NDVI has possibly weakened the early monsoon rainfall in this region. The results of this study suggest that land use change associated with agricultural intensification could be reducing the summer monsoon rainfall over certain regions of India.
Introduction
[2] The Indian summer monsoon rainfall, defined here as the cumulative rainfall over continental India during Juneto-September, has important socioeconomic implications over the Indian subcontinent [Fein and Stephens, 1987] . The initiation of the cross-equatorial flow off the Somalia coast of Africa during May in response to the heating over the South Asian continent marks the beginning of the Indian summer monsoon. There are indications that the intensive and large-scale human activities in Asia may have begun to impact the monsoon system [Intergovernmental Panel on Climate Change (IPCC), 2007; Goswami et al., 2006; Kishtawal et al., 2010] . Analysis of long-term rainfall data sets over the Indian subcontinent indicates epochal varia-tions in the Indian summer monsoon rainfall [e.g., Mooley and Parthasarathy, 1984; Parthasarathy et al., 1991; Sinha Ray and Srivastava, 2000] . Analyzing 100 years of surface rain gauge observations, Srivastava et al. [1992] showed that the mean monsoon seasonal rainfall has not changed significantly in the past century. However, recently Goswami et al. [2006] concluded that there are significant changes in the heavy (>100 mm d À1 ) and very heavy (>150 mm d À1 ) rainfall events over central India.
[3] Long-term trends in precipitation can result from either natural climate variability (e.g., decadal changes in circulation) or from anthropogenic factors, and accurate attribution is quite difficult [e.g., IPCC, 2007] . Some of the important anthropogenic activities that may affect regional monsoon rainfall climatology are the increase of greenhouse gases [Meehl and Washington, 1993] , changes in radiative forcing due to aerosols and clouds [Ramanathan et al., 2001 [Ramanathan et al., , 2005 , and changes in land surface physical properties due to land use changes such as urbanization and agricultural practices [Niyogi et al., 2002a; Pielke et al., 2002; Bonan, 2002] . These forcings can act in concert resulting in complex modification of the monsoon rainfall .
[4] Majority of climate change studies over the Indian monsoon region have focused on the larger scale dynamics and relatively little attention has been paid to the effect of the regional land surface feedbacks on monsoon climate [Niyogi et al., 2002a; Fu, 2003; Douglas et al., 2006] . However, understanding the role of land surface feedback on the monsoon systems is important as the region shows dramatic land use land cover changes in response to the growing food and fiber requirements of a fast increasing population over the Asian monsoon region [Foley et al., 2005] .
[5] The land use change over India, in the recent decades, has primarily occurred because of urbanization [Kishtawal et al., 2010] and intensive agriculture/irrigation practices [Douglas et al., 2006 [Douglas et al., , 2009 . Figure 1 shows the patterns of human settlement over the Indian summer monsoon region, on the basis of the official census reports (Office of the Registrar General and Census Commissioner of India) and population data set GPWv3 (Gridded Population of the World, version 3) produced by the Center for International Earth Science Information Network (CIESIN) of the Earth Institute at Columbia University. Figure 1a shows that the most intense population growth over India took place from 1960 onward. During the same period, India underwent significant transformations in farming practices in response to the ''green revolution'' (GR) . Some of the major highlights of GR were expansion of farming areas, double cropping over existing farmlands, and the development of a large irrigation system based on groundwater and network of canals [Goldman and Smith, 1995] . The areas most affected by GR were the parts of northwest India and the Gangetic plains, interestingly the region coinciding with the monsoon trough [Fein and Stephens, 1987] . Figures 1b and 1c show that not only does the area along the monsoon trough have the highest population density but this region also has the highest population growth rate in India.
[6] The impact of increasing population and resulting land use change on natural resources can be significant [O'Brien et al., 2004; Foley et al., 2005] . The impact of land use land cover change on rainfall has been reviewed by Pielke et al. [2007] . Feddema et al. [2005] used the Intergovernmental Panel on Climate Change scenarios and simulated the effects of changes in land cover for different future climate scenarios using global climate modeling analysis. They found that the projected land cover transformation produces notable changes in the future climate and that agricultural expansion, in particular, could affect monsoon circulation. Douglas et al. [2006 Douglas et al. [ , 2009 showed that agricultural irrigation can impact regional evapotranspiration, surface radiative balance, and hypothesized through a modeling case study that these changes in surface characteristics can affect mesoscale convection and rainfall over the Indian monsoon region. Roy et al. [2007] analyzed a century long monthly temperature data set over India and showed that the pre-and post-agricultural GR temperature regimes have different characteristics. In particular, Roy et al. concluded that the lack of significant warming over India in the post-GR could be in part due to agricultural intensification and irrigation. Lee et al. [2008] recently suggested that the variation of the early summer monsoon rainfall over India may be partially a result of irrigation/increased agriculture. Yet an observational analysis assessing the causal relationship between agricultural intensification/land use land cover change and rainfall changes over the Indian monsoon region is still lacking.
[7] With the availability of high-resolution gridded data of daily surface rainfall observations over India [Rajeevan et al., 2006] , and the monthly satellite land cover data sets [Tucker et al., 2005; Basist et al., 1998] , it may be possible to identify the effects of land use changes on the regional Indian monsoon climate. Accordingly, the aims of this work are (1) to identify regional trends in the observed precipitation data over the Indian summer monsoon region, (2) to investigate the relation between land use change/agriculture intensification and change in rainfall, and (3) to explore whether land use change/agricultural intensification has caused change in rainfall.
[8] The Indian summer monsoon is briefly summarized in the following section. The data used in the study are described in section 3. An approach involving empirical orthogonal function (EOF) and genetic algorithm (GA) is adopted to explore dominant climatic trends from the available long-term rainfall observation and is discussed in section 4. Methods for detecting causal relationships between observed precipitation trends and regional land use changes are discussed in section 5. Results of the analysis are presented in section 6. Study conclusions are provided in section 7.
A Brief Overview of Indian Summer Monsoon
[9] The Indian summer monsoon season typically begins in late May to early June. By late May, positive rainfall anomalies are limited mainly to the western part of Indochina peninsula, the Indian Ocean and the western Pacific at around 30°N. By early June, positive rainfall anomalies begin to develop west of the Indochina peninsula, the Bay of Bengal and the Indian peninsula, marking the onset of the Indian monsoon. The seasonal cycle of the precipitation anomaly averaged over India at this time shows a sharp increase, and the first peak typically appears during 10-14 June. This transition to the Indian monsoon is characterized by the development of the low level cyclonic circulation anomaly, the upper level anticyclone, and convective activity in south and southeast Asia. The location of these positive precipitation anomalies is intimately related to the development and the northward progression of the negative pressure anomaly over India. The migration of the pressure anomaly toward northwest Indian subcontinent during July appears to determine the pathway of moisture during the mature stage of the monsoon (Figures 2a and 2b) . Specifically, a strong pressure gradient along the monsoon trough extending from southeast in the Bay of Bengal to northwest in Pakistan produces a strong southeasterly wind, which serves as a conduit for moisture transport from the Indian Ocean to most of the northwest and north central regions of Indian peninsula. The typical pressure anomaly configuration of the Indian summer monsoon (high pressure over ocean and low pressure over land) also supports the genesis and development of a number of low-pressure transient systems that cause significant variability in the monsoonal rainfall. After mid-August, the Indian summer monsoon undergoes a gradual decaying phase.
[10] The Indian summer monsoon system is also characterized by strong intraseasonal oscillations (ISO) with active (wet) and break (dry) cycles [Yasunari, 1979] . The activebreak cycle of the monsoon system is a manifestation of repeated northward propagation of the tropical convergence zone (TCZ) from the equatorial position to the continental position [Sikka and Gadgil, 1980] and results from superposition of a 10-20 day and a 30-60 day oscillations [Goswami, 2004] . Monsoon seasons with higher than average rainfall generally show a smaller period of active-break cycle while during the drought years this period seems to extend for a longer time [Kishtawal et al., 1991] . The active-break cycle is also associated with the alteration of large-scale circulation features. During a typical active phase, the low level westerlies strengthen over the Arabian Sea, which is replaced by the easterly anomalies during a break phase [Webster et al., 1998 ]. The northward propagating 30 -60 day ISO-mode has a large spatial scale encompassing south Asia and east Asia and west north Pacific ocean, while the westward propagating 10-20 day oscillation has a smaller zonal scale and is regional in character [Goswami, 2004] . The amplitude of the dominant mode of ISO is so significant (with respect to seasonal mean precipitation) that the frequency of occurrence of these oscillations are capable of influencing the seasonal rainfall and thus can contribute to the inter annual variability of monsoon [Goswami, 2004] .
[11] Embedded within these large-scale forcings is the modulation of the mesoscale convection due to surface and boundary layer processes and may cause significant variability in the monsoon rainfall [Niyogi et al., 2002a; Pielke et al., 2003] . While the feedback of the synoptic and largescale processes on monsoon rainfall is relatively well understood, the effect of land surface processes and land use land cover changes, such as being studied in this paper, are only recently evolving [e.g., Niyogi et al., 2002a; Douglas et al., 2006; Lee et al., 2008] .
Data

Rainfall Data
[12] Daily gridded rainfall data at 1°grid spacing from India Meteorological Department (IMD) [Rajeevan et al., 2006] were used. This data set is based on 1803 stations over India with a minimum 90% data availability during the period 1951 -2003. Using these station data, the grid point analysis of rainfall was prepared by using Shepard's directional interpolation method [Shepard, 1968] over the Indian subcontinent (6.5-37.5°N, 66.5-101.5°E). Standard quality controls were performed before carrying out the interpolation analysis. Because of averaging, the gridded rainfall data are smoother compared to individual station data. Average of daily rainfall for 122 day long monsoon season (June-to-September) was carried out at each 1°grid point and was used for the trend analysis. Figure 2c shows the average daily rainfall during monsoon season based on the IMD rainfall data set. To overcome the effect of spatial inhomogeneity of rainfall on the calculation of regional trends, we first normalized the time series of seasonal rainfall with respect to its 53 year average at each grid cell.
To determine the causal relationship between rainfall and agriculture, we used monthly area weighted rainfall data of 29 meteorological subdivisions in India [Parthasarathy et al., 1994] , which extend from January 1948 to December 2002. These data are prepared by Indian Institute of Tropical Meteorology, Pune (http://www.tropmet.res.in), using a subset of IMD's surface rainfall observation network that was used for producing gridded rainfall data.
Remote Sensing Based Land Cover Data
[13] We used monthly mean normalized differential vegetation index (NDVI) data based on the observations from Advanced Very High Resolution Radiometer (AVHRR on board NOAA series of satellites). This data set is prepared by Global Land Cover Facility, University of Maryland [Tucker et al., 2005] , and is archived by International Research Institute for Climate and Society (IRI), Columbia University, New York at http://ingrid.ldgo.columbia.edu/ SOURCES/.UMD/.GLCF/.GIMMS/.NDVIg/.
[14] The data span from July 1981 to December 2003 at 0.073°spatial resolution. While the data have been corrected for view geometry, volcanic aerosols, and other effects not related to vegetation change, they have some known uncertainties over the Indian monsoon region [e.g., Jeyaseelan et al., 2007] .
[15] Special Sensor Microwave/Imager (SSM/I) based weekly surface wetness index (BWI) derived by Basist et al. [1998] were also used. This index is based on the passive microwave radiometer data at four frequencies (19.35, 22.235, 37 .0, and 85.5 GHz) and dual-polarization (except at 22.235 GHz). The weekly composting scheme is used to generate global gridded product from swath data at regular temporal period and to avoid the atmospheric influence in assessment of land surface wetness condition. The weekly composite BWI data from National Climatic Data Centre (NOAA/NESDIS) at 0.3°spatial resolution were used.
Methodology
Determining Climatic Patterns Using EOF and GA
[16] To determine the strong and coherent regional climatic signals in the rainfall observations, the following question were posed: What is the largest region over Indian summer monsoon domain for which the long-term rainfall trends are largest irrespective of the sign of the trend? Identification of such regions is important for studying the land use land cover change impacts, as regions that are scattered may not form a detectable regional response on mesoscale convection and rainfall. We employed an EOF analysis [Peixoto and Oort, 1992] and a GA technique [Mitchell, 1998] .
[17] EOF is a statistical tool that compresses geophysical data fields in space and time. The technique allows one to explain the variance-covariance of the data through a few modes of variability. This method is effective in identifying leading modes in temporally varying spatial patterns (eigenvectors) and their corresponding principal components (time series) and ranking them according to the percentage of total variance explained in the data of interest [Peixoto and Oort, 1992] . In the present analysis, the mean rainfall for July month was subjected to the EOF analysis.
[18] Genetic algorithms are powerful general-purpose tools which mimic the process of natural selection by setting up a population of artificial ''organisms'' (possible solutions) and allowing them to evolve based on selection pressures defined by the objective of the problem. In the present context, the objective is to discover a coherent region over Indian monsoon domain that shows the strongest climatic signal [e.g., Kishtawal et al., 2003] . Thus, the population of ''organisms'' consists of a number of such possible patterns and the ''selection pressure'' is the magnitude of the long-term trend of area-averaged rainfall for such patterns which we want to maximize. A flowchart of the GA-process adopted in this study is given in Figure 3 .
[19] The GA procedure was initiated with a large number (400 in this case) of random yet coherent patterns formed by a cluster of 1°Â 1°grid cells. Each pattern in turn was scored according to the long-term trend of summer-monsoon rainfall averaged over that pattern. Individual patterns with strongest trends would get the highest score. The variation inherent in the initially random population of patterns would ensure that some patterns scored better than others. These scores would then become the fitness measures of the individual patterns and subsequently dictate the proportional makeup of the next generation. The most fit patterns would be disproportionately represented in the next generation, while those poorer scorers would be underrepresented or drop out of the population altogether.
[20] A process where features of the individual patterns are swapped between pairs ranked in order of fitness scores is then typically used. This produces a composite pattern from each pair and is the artificial version of genetic reproduction. Each pair patterns can be considered the parents of each composite child. This is an effective method of mixing pattern features to produce composite children some of which will score better than their parents. Intermittently, small random variations in selected patterns are also typically used during reproduction; this adds noise to the process and by doing so helps increase the efficiency of convergence on an optimal pattern. This is the artificial version of genetic mutation. The next generation of patterns is then scored based on the long-term trends of patternaveraged rainfall time series. After a large number of generations, the test-and-reproduce cycle is expected to move the overall population of patterns in the direction of the optimal pattern as only the highest scoring patterns in each generation will survive in to the next. Eventually, a pattern is expected that gains the best score and this pattern of grids can be considered as an area that shows largest climatic signal, e.g., trend.
Exploring Causal Relationship Between Rainfall and Regional Land Use Change
[21] A speculative, but as yet unsubstantiated, relation between land use change over India and changes in Indian summer monsoon rainfall was studied using causality arguments on observations. Correlation analysis is arguably the most popular statistical tool for deciphering relations between hydroclimatic variables from observed data [Krishnamurti et al., 1999] . Although correlation analysis is a useful tool, it is not suited for this study because our goal is not merely to investigate the relation between agricultural land use change and changes in rainfall but also to explore whether land use change such as agricultural intensification has caused change in rainfall. Correlation analysis cannot identify such causal relationships.
[22] Causality and detection of causal relationships has traditionally been a subject of metaphysics [Hume, 1999] . However, building on the research over past two decades, it is now possible to define causality mathematically using the concepts of probability and graph theory. Tools have been developed to discover cause-effect relationships in nonexperimental data under some reasonable assumptions [e.g., Pearl, 2000; Spirtes et al., 1993] . This study builds on these recent advances to explore causal relationships between increased agricultural intensification/irrigation over India and changes in monsoon rainfall. Two causality detection algorithms that are based on different approaches and have different sets of assumptions were selected.
[23] The causal discovery algorithms used in this study fall under the category of functional causal models called structural equations. In these models, causal relationships among variables are expressed in the form of deterministic functional equations. In linear structural equation models, each variable is expressed as a linear sum of its causal variables plus an exogenous error term. Given a set of observed variables x i , i 2 {1,2,. . .,m}, the structural equations are given by
where a ik are linear coefficients and e i are error or perturbation terms. The error terms are often assumed to be independent, i.e., p(e 1 , e 2 , . . ., e m ) = Q i=1 m p i (e i ). A set of the equations of the form given by equation (1) in which each equation represents an autonomous mechanism is called a structural model.
[24] Structural equation model is traditionally used as a tool to test hypothesis of causal relationships in data. However, recently algorithms have been proposed that allow searching of possible causal relationships in nonexperimental data. In this study, the following two algorithms were employed:
[25] (1) Cyclic causal discovery (CCD) algorithm: CCD algorithm [Richardson, 1996] is designed to investigate existence or nonexistence of causal relationships among variables in nonexperimental data. The algorithm assumes that the true causal structure can be cyclic and that there is no common cause between any two variables (confounders) in the data set. Further, it assumes that the disturbance terms (e i in equation (1)) are normally distributed, independent, and have nonzero variance. The algorithm ensures discovery of correct causal model under a large sample limit. The algorithm used in this work is available under Tetrad project from Carnegie Mellon University (http://www.phil.cmu. edu/projects/tetrad).
[26] (2) Linear non-Gaussian acyclic model (LiNGAM): The LiNGAM algorithm [Shimizu et al., 2006] assumes that the true causal relationship in the data is linear, acyclic, and there are no unobserved confounders. It further assumes that error terms in equation (1) are independent and have non- Gaussian distribution with nonzero variance. LiNGAM uses independent component analysis, a multivariate statistical analysis to discover causal structure in the data. The assumption of non-Gaussianity allows algorithm to go beyond second-order statistics (i.e., the covariance matrix) and discern full causal structure in the data [Shimizu et al., 2006] . A Matlab implementation of the algorithm was obtained from the developers (at http://www.cs.helsinki.fi/ group/neuroinf/lingam/).
[27] The first step toward understanding the impact of agricultural intensification on Indian summer monsoon rainfall was to assess the increase in NDVI values over India during the study period. Trends in the NDVI values were estimated using regression analysis and nonparametric Mann-Kendall trend test.
[28] Correlation analysis is recommended as a preliminary step for detecting presence of causal relationships [Spirtes et al., 1993] . Existence of correlation between variables is a necessary, but not sufficient condition for causality. In accordance with these recommendations, correlation analysis between NDVI and rainfall over meteorological subdivisions of India was performed before applying the causal discovery algorithms.
Results
EOF and GA Analysis
[29] For the period of analysis (1951 -2003) , the mean seasonal monsoon rainfall over India was 861 mm with a standard deviation (SD) of 95.6 mm. There were only 2 years (1972 and 1987) during which the seasonal rainfall deviated from the mean rainfall by 2 SD There were 6 years (1961, 1965, 1972, 1979, 1987, and 2002) for which the deviation was larger than 1.5 SD. In order to examine the trends when extreme years are removed, new time series were constructed for each region by replacing rainfalls for the abnormal years by mean values for the respective regions. Even after removing extreme years from the analysis, the nature of trends did not change, although the magnitude of the trends got reduced (to +0.044 from +0.054 for east central India, and to À0.031 from À0.042 for northwest India, and a near zero trend when considering entire India). This further indicates that the trends shown have their origin in some regional process.
[30] Consequently, for the EOF analysis, the first two leading modes (EOF-1 and EOF-2) explained 21% and 16% of the total variance, respectively. These two modes represent the spatial structure of mean-monsoon climatology and its intra-and interannual variability, and do not show a noticeable long-term trend. However, the third leading mode, EOF-3, which explains about 10% of the variance shows a significant trend through the length of the rainfall data (Figures 4a and 4b) . The spatial distribution of the eigenvector covers regions of north/northwest India and some parts of peninsular India (Figure 4a ). This structure indicates that the long-term variations (trends) in summer rainfall in north/northwest and west-peninsular India are in phase with each other but are out of phase with the variation in eastern part of India (particularly east India and eastpeninsular India). The corresponding time series (Figure 4b) shows a multidecadal secular trend (more prominently after the 1960s agricultural GR). This trend is statistically significant at the 99% confidence level. A strong year-to-year variation is also observed in EOF-3. Combining the spatial distribution of the eigenvector and the associated time series of the EOF-3 mode, it appears that there has been a continuous increase in the summer rainfall over the east India and a decrease over north/northwest India during the past five decades.
[31] Although EOF is a powerful technique to determine temporal covariance of spatial patterns, it is difficult to ensure that the EOF technique picks up the regions of strong trends, which is one of the main objectives of the present study. By design, EOF determines mutually uncorrelated (orthogonal) spatial patterns, whose temporal variability may or may not be related to trend. Therefore, to address the issue of determining the regional spatial patterns with strong temporal trends, we employed a GA-based approach, in which the spatial patterns can be determined using a userdefined constraint such as the strength of the long-term trend.
[32] In the GA analysis, we excluded the domain above 33°N due to poor station density and large topographical variations leading to higher uncertainty while searching for regions with strongest trends. Figure 5 shows the areas determined by GA for which the area-averaged values of normalized rainfall (R N ) show the strongest positive and negative trends during 1951 -2003. The strongest climatic signal that appears from the available rainfall data indicates an increasing trend over the east central regions such as West Bengal/Bihar and a decreasing trend in monsoon seasonal precipitation over northwest India. Interestingly, both of these regions of strong yet opposite trends lie along the monsoon trough, an axis characterized by strong southeast-to-northwest pressure gradient during the monsoon season (Figure 2b ). This result is consistent with the changes in the surface heat fluxes patterns found by Douglas et al. [2006] .
[33] The large region with a negative trend in precipitation, about 0.25 Â 10 6 km 2 in size ($8% of the area of India), includes portions of three states: Punjab, Haryana, and western Uttar Pradesh. Two of these states (Punjab and Haryana) had statistically significant decrease in the surface sensible heat flux in the study of Douglas et al. [2006, Table 3b ]. Interestingly, the region with negative rainfall trend also figures prominently in the economic map of India due to its high agricultural yield. The agricultural practices in this region rely more on the improvised irrigation system fed by groundwater and canals from major rivers, and less on the seasonal rainfall [cf. O'Brien et al., 2004] . Recall that in the post-GR, the agricultural practices in NW and NC India went through a drastic change . Figure 6 shows that over the northwest region of India, the average seasonal rainfall has decreased by 35%-40% with respect to its long-term average, during the past 53 years while over a smaller region over West-Bengal/Bihar, it has increased by about 40% -45%. Interestingly, seasonal mean rainfall averaged over the whole of India does not show a significant trend during the same period (Figure 6a ). This indicates that despite the stability of Indian summer monsoon rainfall, strong regional variations and trends exist within the monsoon system, which may be indicative of the local processes affecting precipitation characteristics . The reduction in the rainfall over the intensive agricultural region is analyzed further in this paper. The increased rainfall over the smaller region of West Bengal/ Bihar is not analyzed in this study but could be a result of urbanization [Kishtawal et al., 2010] , and enhanced thunderstorm and monsoon depression activity [Houze et al., 2007; Chang et al., 2009; Medina et al., 2010] .
[34] Figure 7 shows the spatial distribution of the SSM/I based soil wetness (BWI) averaged for month of May during 4 years. Figure 7 clearly indicates that there is a significant premonsoon soil moisture hot spot over the north/northwest India and adjoining parts of Pakistan. A Figure 8 ).
[35] The increased soil moisture could be a combined effect of agricultural intensification [Joshi and Tyagi, 1991] , irrigation [Douglas et al., 2009] , and to some degree regional thunderstorm activity [Houze et al., 2007] . Since a threefold to fivefold increase has occurred in the values of area-averaged soil moisture between 1988 and 2002, the thunderstorm activity cannot be expected to increase by that factor without some dominant regional or large-scale forcing. We compiled agricultural statistics for Punjab and Haryana (two dominant agricultural states in NW India). Between 1971 and 1991, the number of tube-wells in Haryana increased from 33.9 to 143.6 per thousand hectares, which is consistent with the rate of increase in soil moisture shown in our analysis. Between 1960 and 1990, the area devoted to wheat cultivation increased by 150% while the area used for water-intensive paddy cultivation increased 3 times. A significant portion of this paddy cultivation occurs during the premonsoon season and is mostly irrigated using the groundwater. In a recent study, using multitemporal remote sensing data, Singh et al. [2006] showed that the average rice crop cycle (cultivation to harvest) has advanced by about 4 weeks over the northwestern Indian states of Punjab and Haryana between 1981 and 2000. Thus, the change in the regional vegetation phenology is a likely result of shift from monsoon-based irrigation to groundwater irrigation during the replanting stage of the rice crop, resulting in a significant regionalscale anthropogenic modification of soil moisture and soil hydrology during premonsoon phase (late-May to early June).
[36] This increase in the soil moisture due to irrigation and agricultural intensification during the premonsoon phase is a dominant regional forcing that can alter the regional circulation and precipitation patterns and is analyzed in the following section. Figure 4) . Rainfall values were normalized with respect to their long-term mean before averaging to make the comparison simple.
Causal Analysis
[37] The regional-scale changes in vegetation and soil wetness can significantly modify the radiative balance over a large area, resulting in a net cooling of the surface , as well as alter the mesoscale convection [Douglas et al., 2009] . This in turn can affect the intensity of seasonal negative pressure anomaly over the northwest Indian peninsula and result in weaker pressure gradients along the northwest/southeast axis [cf. Lee et al., 2008] . The seasonal low-pressure anomaly over the northwest Indian subcontinent determines the pathway of moisture during the mature stage of the monsoon (Figures 2a and 2b) , and this pressure anomaly is arguably the dominant forcing that determines the occurrence and intensity of monsoon rainfall over the north/northwest India. This low-pressure anomaly is maintained by the seasonal heating of northwest Indian subcontinent. One consequence of agricultural intensification thus can be the weakening of the forces that are crucial for advancing the Indian summer monsoon up to its north and northwest limits.
[38] To investigate this relation between the changes in rainfall and land use changes, we explored the causal relationships using a composite analysis of rainfall and NDVI. The long-term spatial and temporally averaged monthly changes in NDVI during the study period (1981 -2003) are illustrated in Figure 9 . Figure 9 shows slopes of the linear regression line fitted to NDVI time series for different meteorological subdivisions.
[39] In Figure 9 , the NDVI for the period January to March shows the largest positive trend. These months also coincide with the period of intense irrigation during the winter rabi season (November to May). The increase is confined over the northern India region that includes the states of Haryana, Punjab, west Uttar Pradesh, east Rajasthan, and west Madhya Pradesh where rabi season crops are most important. This also includes the region where the GA approach identified a significant rainfall trend. Thus, this increase in NDVI values can be partly attributed to increase in agricultural land use over those areas.
[40] For the April, May, and June months, the NDVI values show an increase mainly over Peninsular India with no appreciable increase in other parts of the country. In May, just before the monsoon onset, the NDVI changes are confined primarily to Peninsular India. For brevity, only the results obtained from linear trend analysis are presented. Qualitatively similar results were obtained from nonparametric Mann-Kendall trend test.
[41] The result of correlation analysis for premonsoon months NDVI and early monsoon rainfall are shown in Figure 10 . Negative correlation between July rainfall and March -April -May NDVI over subdivisions in Peninsular India is evident from Figure 10 . A similar relation was recently reported by Lee et al. [2008] using the 2.5°r esolution Global Precipitation Climatology Project ver.2 [Adler et al., 2003 ] rainfall data and NDVI data. These recent results along with results presented in Figure 9 suggest that the increased NDVI values over Peninsular India may have weakened the early monsoon rainfall in that region. However, other meteorological subdivisions in India do not show any evidence of change in early monsoon rainfall due to change in NDVI. Also, the correlations between NDVI values prior to March and monsoon rainfall were not significant.
[42] Figure 11 shows the simultaneous correlations between NDVI values and rainfall during monsoon months. For the month of July, rainfall and NDVI values are negatively correlated over many meteorological subdivi- sions. This suggests two scenarios: either the higher NDVI weakens the monsoon or, the Indian summer monsoon gains strength because of low NDVI values. The correlation between current month NDVI and previous month rainfall values is analyzed next (Figure 12 ). As expected, the correlations are positive over most of the climate subdivisions highlighting the logical conclusion that the higher rainfall in present month will lead to more vegetation in the subsequent month.
[43] Correlation analysis is indeed not sufficient to explain the causality between NDVI and monsoon rainfall changes. Accordingly, Figure 13 shows the results of causal discovery algorithm applied to test the cause-effect relationship between premonsoon NDVI and early monsoon rainfall suggested by correlation analysis (Figure 10) . The results correspond to climate subdivisions approximately between 12°N and 18°N/southern India (including coastal Andhra Pradesh, southern interior Karnataka, and northern interior Karnataka) that yielded significant correlations. In Figure 13 , the arrowhead at the end of an edge indicates direction of causal relationship (e.g., r6 to v6, i.e., rainfall in June affecting the June NDVI values). A circle at the end of an edge indicates that there exists a relationship between variables connected by the edge (e.g., v4 to r7 or April NDVI and July rainfall), but the data are not sufficient for the algorithm to determine the direction of the relationship.
[44] Figure 13a displays the results obtained from CCD algorithm. From Figure 13a , it is evident that v3, v4, and v5 are related. Further v4 is connected to r7. Because the different structures indicate different months a direction can be intuitively interpreted. For example, the April NDVI Figure 11 . Simultaneous correlation between NDVI values and rainfall during monsoon months (June -July -August). Subdivisions with correlation significant at 10% level are shaded.
(v4) would be related to March NDVI (v3) rather than the other way round.
[45] The acyclic analysis from the LiNGAM algorithm ( Figure 13b) shows that NDVI value of March (v3) affects April NDVI (v4) which in turn affects May NDVI (v5) and July rainfall (r7). The relationships between NDVIs are positive whereas that between April NDVI and July rainfall is negative. The data do not reveal any relationship that involves June NDVI and June rainfall. However, there exist additional information regarding relationships between v5, v6, and r6 in CCD results that was not present in LiNGAM output. Note that both algorithms can only discover linear causal relations. Further, the CCD algorithm does not provide the strength or nature (±sign) of the causal relationship if there is confounding. We note that both the algorithms did not find any causal relationship between NDVI and rainfall over other groups of subdivisions, corroborating the results from correlation analysis.
[46] To test the presence of causal relationship between NDVI and rainfall during monsoon months, causal algorithm was applied to all the subdivisions grouped together. The existence of such cause-effect relationship was suggested by correlation analysis (Figures 11 and 12) . Figure 14 presents the results from the LiNGAM and CCD analysis. The results obtained from both the algorithms share some common features. For example, June rainfall (r6) and June NDVI (v6) affects July NDVI (v7). Further, June and July NDVI have some bearing on August NDVI (v8). CCD result indicates that July rainfall (r7) influences July NDVI (v7), whereas such a link is not present in LiNGAM output. So, both the approaches together, provide a more complete Figure 12 . One month lag correlation between NDVI values and rainfall during monsoon months (June -July -August). Subdivisions with correlation significant at 10% level are shaded.
picture of the potential feedback between land use changes and Indian summer monsoon rainfall change.
[47] To understand the physical mechanism regarding the impact of premonsoon land surface processes and vegetation on the monsoon circulation (and hence rainfall), we analyzed the premonsoon area-aggregated NDVI variation and monsoon boundary layer and upper air convergence patterns over India (Figure 15a ). When analyzing the energetics of the Indian monsoon system, Krishnamurti et al. [1998] concluded that radiative heating is the biggest contributor to the overall generation of available potential energy (APE) for the monsoon system. The other components of the heating that contribute to the generation of APE are radiative flux convergence and the sensible heat fluxes from land and ocean surface. Krishnamurti et al. [1998] showed that the conversion of APE to the kinetic energy can be understood in terms of the covariances between (1) heating and temperature, (2) temperature and vertical velocity (associated with thermal circulation) leading to the conversion of APE to kinetic energy of divergent motion, and (3) gradients of stream function and velocity potential resulting in the conversion of divergent kinetic energy to rotational kinetic energy. Thermal circulation can be manifested as a converging and upward motion at surface boundary layer along with a compensating divergent circulation at upper tropospheric levels. The largest contribution of these conversions are generally found at 200-300 hPa level as the monsoon warm core resides near these levels. The areas of divergent circulation and magnitude of vertical velocities are also large at these levels, and small changes in these fields due to alteration of the components of energy exchange processes can be detected at these levels.
[48] Consistent with the changing patterns of agriculture over the Indian region, the premonsoon NDVI shows a significant increasing trend. We selected the years 1989 and 1998, respectively, to denote the years with lowest and highest premonsoon NDVI over India. Figure 15b shows the difference of 200 mbar wind divergence between 1998 and 1989 for the month of July. A large-scale negative divergence (convergence) anomaly that covers entire southern India and the monsoon trough region over the north India can be noted. Interestingly, the only region that shows the positive divergence anomaly is the western part of India which has a strong topographical influence due to the Western Ghats. A consistent pattern was seen in the 850 mbar plots with a convergence zone over the NW India region (figure not shown). The negative divergence anomalies at upper level represent a weakened monsoon circulation that can be attributed to a weaker wind convergence at the lower levels. Lee et al. [2008] also reported a similar relationship between large-scale vegetation during spring season, and the upper level circulation during July, over the southwest monsoon region. Thus, building on the results of the causal discovery algorithm, the dynamical analysis further affirms that the increased vegetation during the premonsoon season negatively affects the monsoon circulation, and hence, the monsoon rainfall.
Conclusions
[49] Observational analysis of the rainfall and land use data set over the Indian monsoon region provides insights into the potential role of agricultural intensification and land use changes in affecting the Indian summer monsoon.
[50] Observations based on satellite remote sensing can help in explaining the physical mechanism behind the longterm regional trends in Indian summer monsoon rainfall. One such region is the north/northwest India, which shows a significant decline of rainfall in past few decades and was detected by both EOF-and GA-based analyses. Our analysis provides growing evidence that the change in rainfall climatology in north/northwest India is caused by anthropogenic land use modifications due to agricultural intensification.
[51] The NDVI data showed that over past two decades, January -February -March vegetation index has increased mainly over agricultural (wheat producing) regions in India. The soil moisture data show a significant increase over the agricultural region and seem to cause significant decrease in the subsequent rainfall. However, for April and May (months just before start of monsoon season), the vegetation index has increased only over Peninsular India.
[52] The correlation analysis and causal discovery algorithms suggested that April month vegetation index has some bearing on July month precipitation over peninsular India. In particular, there exists a negative relationship between them. However, exact quantification of the relationship was not feasible due to the limited record length.
[53] The causal discovery algorithms presented in the study have a promising feature of discovering cause-effect relationships from observed climatic data sets. However, the algorithms are still in their infancy and assume linear causeeffect relationships. Further, these algorithms assume that there are no unobserved confounders, an assumption that is seldom true of environmental observations. Thus, caution should be exercised in interpreting results from causal discovery algorithms and should be used in conjunction with physically consistent process scale studies. It was also beyond the scope of this study to compare the role of land surface versus sea surface temperature changes that have well-known significant impact on monsoon rainfall (e.g., Rasmusson and Carpenter [1983] ; however, also see Kumar et al. [1999] ).
[54] Further, the cause and effect relation needs to be interpreted cautiously. A lower rainfall can reduce vegetation (NDVI) and this in turn, our analysis indicates, lead to increased potential for rainfall anomaly. The threshold for what constitutes an organized land use land cover change to impact the rainfall patterns remains to be identified. Preliminary analysis from an ongoing study suggest and our current observational results, complemented by other recent findings reported by Douglas et al. [2006 Douglas et al. [ , 2009 , and Lee et al. [2008] provide strong evidence that the land surface feedback due to agricultural intensification/irrigation over northern India has become sufficiently coherent or orga- nized to impact the regional rainfall processes. This leads to the conclusion that the rainfall variability over the Indian monsoon region is modulated by the antecedent land surface conditions; and that the longer-term rainfall reduction is linked to the agricultural intensification and irrigation. It will be interesting to assess whether the feedback identified in this study is unique for the Indian monsoon region or whether it can be seen in other monsoon regions across the globe. It is likely that high land-atmosphere coupling areas of India, Sahel, and possibly U.S. Great Plains [Douville et al., 2001; Koster et al., 2004] may show this signature. However, the high moisture flux and the intensity of agricultural change noted over India would potentially make it a dominant signal as compared to other regions such as over Sudan-Sahel and southwest American monsoon domains [Niyogi et al., 2002b] .
[55] The results of this study, while not unconditional, do suggest that unsustainable, increase in agricultural intensification could reduce the monsoon rainfall over India. The results are more robust over northern and Peninsular India, indicating that increase in NDVI may have been partly responsible for weakening the early monsoon rainfall in this region. The impact of future land use changes would need to be considered in providing more robust constraints for future climate change simulations over the Indian monsoon region.
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